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Background New or worsening cognitive, physical and/or mental health impairments after acute care for critical illness are referred to as "post-intensive care syndrome" (PICS). Little is known about the incidence of its components, since it is challenging to recruit patients after intensive care unit (ICU) treatment for observational studies. Claims data are particularly suited to achieve incidence estimates in difficult-to-recruit groups. However, some limitations remain when using claims data for empirical research on the outcome of ICU treatment. The objective of this article is to describe three challenges and possible solutions for the estimation of the incidence of PICS based on claims data Methodological challenges: The presence of competing risk by death, investigating a syndrome and dealing with interval censoring First, in (post) ICU populations the assumption of independence between the event of interest (diagnosis of PICS component) and the competing event (death) is violated. Competing risk is an event whose occurrence precludes the event of interest to be observed, and in ICU populations, death is a frequent secondary event. Methods that estimate incidence in the presence of competing risks are well-established but have not been applied to the scenario described above. Second, PICS is a complex syndrome and represented by various ICD-10 (International Classification of Diseases, 10th Revision) disease codes. The operationalization of this syndrome (case identification) and the validation of cases are particularly challenging.
Third, another major challenge is that the exact date of the event of interest is not available in claims data. It is only known that the event occurred within a certain interval. This feature is called interval censoring. Recently, methods have been developed that address informative censoring due to competing risks in the presence of interval censoring. We will discuss how these methods could be used to tackle the problem when estimating PICS components. Alternatively, it could be possible to assign an exact date for each diagnosis by combining the diagnosis with the exact date of prescriptions of the respective medicines and/or medical services.
Conclusion Estimating incidence in post-ICU populations entails various methodological issues when using claims data. Investigators need to be aware of the presence of competing risks. The application of internal validation criteria to operationalize the event of interest is crucial to achieve reliable incidence estimates. The problem of interval censoring can be solved either by statistical methods or by combining information from different sources. 
ZuSAMMEnfASSung

Introduction
Treatment during intensive care has become more effective over the past century. This resulted in a growing population of survivors of critical care treatment [1] . Consequently, the number of patients suffering from long-term impairments associated with intensive care unit (ICU) treatment is increasing [2, 3] . In 2012, these "new or worsening impairments in physical, cognitive, or mental health status arising after critical illness and persisting beyond acute care hospitalization" were summarized as post-intensive care syndrome (PICS) [4] . Approximately half of patients after ICU treatment suffer from some component of PICS [5] . For instance, a systematic review of posttraumatic stress disorder (PTSD) in ICU survivors reported a prevalence of clinically diagnosed PTSD of 19 % [6] . Despite the growing awareness of PICS [7] , epidemiological data are scarce and inconsistent [8] , especially in Germany.
Valid estimation of the incidence of components of PICS is challenging, as it might be difficult to recruit and interview critically ill patients, especially a large and representative sample. Consequently, healthier ICU survivors will be overrepresented in the resulting data. In addition, there will be a large attrition because of the high mortality among ICU survivors [9] . Claims data from statutory health insurances (SHI) are well suited to overcome, at least in part, some of these limitations [10] . The most valuable features of health claims data are the availability of information about a large number of persons at little cost to the researcher and the absence of response and recall bias. Another briefly mentioned potential bias is selection bias. Incidence estimates derived from one sickness fund might not be generalizable due to structural differences between funds [11] . One approach to address this selection bias is using auxiliary data to post-stratify incidence estimates [12] . However, this strategy only corrects for differences in the age, sex and regional distributions but not for lifestyle and morbidity related factors that are related to the variables of interest (ICU stay, PICS) but that are not available in official statistics [11] .
For PICS, the most valuable feature of claims data is that claims data delivers information on critically ill patients where the patient can hardly be interviewed because of his/her condition. However, other limitations remain when using claims data for empirical research on the outcome of ICU treatment. To illustrate the methodological challenges and potential solutions described in this paper, we give an example of a study that sought to estimate the incidence of pneumonia in older inhabitants of nursing homes in Germany using claims data [13] . Patients were considered right censored due to end of insurance or death, and standard methodology (Kaplan-Meier-Estimation) was used to estimate the incidence of pneumonia. Thus, it was assumed that the risk was equal in censored and uncensored individuals over time. However, the cumulative incidence of pneumonia would be underestimated, if the risk of pneumonia were higher for censored than for non-censored observations over time, and the study population under risk would include a progressively greater proportion of lower risk subjects.
In summary, if censoring is informative the standard methods can provide biased estimates. Because of the high mortality in post-ICU populations, PICS is subject to informative censoring and the event death would be seen as competing risk in this case. A competing risk is an event that either hinders the observation of the event of interest or modifies the chance that this event occurs. ICU survivors have a 1-year mortality post ICU ranging from 16 to 44 % [14] . Even 5-year post ICU mortality is still higher (32 %) than in persons who were discharged from hospital but had no ICU stay (22 %) [9] . Therefore, it is not possible to apply standard methods like the Kaplan-Meier (KM) method [15] to calculate the incidence of PICS in ICU survivors.
For this reason, we provide an explanation why methods accounting for the presence of competing risks, like the cumulative incidence function, should be used instead of classical methods like the KM estimator. We also show that the application of these advanced methods entails further challenges, namely possible bias when the wrong case definition is used and/or when information on exact dates is missing. Therefore, the objective of this article is to describe three challenges and possible solutions for the estimation of the incidence of PICS based on claims data.
Methodological challenges when investigating a syndrome in a cohort of ICU survivors in claims data
Challenge I: Right censoring and the competing risk "death" Incidence is measured either as incidence proportion (number of new cases during a specific period of time / number of patients under risk during that time period) or incidence rate (number of new cases during a specific period of time / total number of person time) [16] . These measures differ in their type of denominators, which describe the population under risk. The incidence proportion uses a period of time during which all persons at risk were observed, whereas for the incidence rate, persons at risk were observed for different time periods and the denominator describes the sum of the time periods that each person was at risk and observed (person-time). But, sometimes, not every person has been followed for the full study period. This condition is called right censoring. Right censoring occurs, for instance, when the study ends prematurely before the event of interest occurs (administrative censoring). For example, when a person switched the insurer during the study period (loss to follow-up), or when a competing event occurs (e. g. death) [17] .
If censored observations have the same probability of the event after censoring as those remaining under risk, it is called noninformative right censoring. In populations with high mortality, this independence between censoring and time-to-event distributions cannot be assumed [18] . This type of censoring is then called informative right censoring. The risk of bias is even larger in populations with persons at high risk of experiencing a competing event.
In our population of ICU survivors, informative right censoring due to death is a major issue as the mortality remains high even many years after ICU [9] . In general, competing risks are present when an individual can experience more than one type of event and the occurrence of one type of event prevents any other event from ever happening [19] . If the primary outcome is PICS, death from other causes serves as the competing risk because death before occurrence of the PICS precludes the latter event. Therefore, death must be considered as competing event to the occurrence of PICS components because persons who died were probably sicker and had an even higher risk to develop PICS.
In general, the term 'time-to-event data' is used in the medical literature to refer to data in which the outcome denotes time to the occurrence of an event of interest. The KM method for estimating survival functions and the Cox proportional hazards model for estimating the relative effect of covariates in the hazard of occurrence of the event are commonly used for the analysis of survival data (▶ fig. 2) . Time-to-event data are generally characterized by cen-▶fig. 1 Competing risks multistate model. Competing risks process with cause-specific hazards α 0j , j = 1,2.
competing event (death) 0 S103 soring, i. e. the timing of the event of censored observations is unknown. The KM method requires that censoring does not affect potential failure times ( = time to event). It assumes that censoring is independent or noninformative [20] . However, this assumption is often not met when failure can occur for more than one reason. Competing risk is a special case of multistate models in which each of the different events are absorbing states (▶fig. 1) [21] . Although a competing risk analysis may include several types of competing events, for the sake of simplicity, we focus on only one type of competing event in this article. There are two competing absorbing states, which represent the possible event types. Occurrence of an event is modeled by a transition from the initial state (discharge from ICU) into the corresponding event state.
Standard methods for time-to-event data typically censor subjects when a competing risk occurs, and assume that competing risks are absent. For example, when the primary outcome is time to post-traumatic stress disorder, the primary outcome is censored when a study participant dies. However, this might violate the assumption of noninformative censoring because deceased subjects cannot be adequately represented by uncensored subjects.
When there are no competing risks, the KM method estimates the survival function and its complement provides an estimate of the cumulative incidence of an event over time. However, when the KM estimator is applied in the presence of competing risk then there is an upward bias to be expected in the incidence. Instead, when estimating the incidence of an outcome in the presence of competing risks, suitable estimators need to be chosen. Applying competing risks theory allows us to connect the two initially described measures of incidence.
Solution I: Applying competing risks theory
The most important measures for competing risk data are the cumulative incidence function (CIF) [22, 23] and the cause-specific hazard rate [24] (▶ fig. 2) . The CIF is used for the estimation of the occurrence of an event (PICS) while accounting for competing risks (death). The CIF for each competing risk k gives the probability, as a function of time, that an event occurs in the presence of the other competing risks. The CIF is defined as P(T ≤ t|failure from cause k), for T equal to the time to first failure from cause k, and denotes the probability of event k before time t and before occurrence of a different type of event. Unlike using the complement of the KM estimator, the sum of the CIFs will equal the CIF estimate of the incidence of the composite outcome (PICS or death), defined as any of the event types. Therefore, the CIF is not biased upward like the KM, as the estimator is lowered by the occurrence of the competing event (dead patients can no more experience PICS). This results from the fact that the conditional probability of the event of interest at time t is multiplied by the cumulative survival of any event. The cause-specific hazard is the instantaneous risk of failure from a specified cause given that no failure from any cause has yet occurred and derived using lim t
The CIF, and its extensions to the multivariable setting, are suitable in situations where we are interested in incidence estimation and for prognostic reasons (e. g., what is an individual's probability of experiencing a PICS within 12 month after discharge? , ▶ fig. 2) . Cause-specific hazards are more appropriate for addressing aetiological questions (e. g., is ICU associated with the rate of occurrence of a diagnosis?) [25, 26] . The CIF can be estimated in R (cmprsk), SAS ( %CIF), and Stata (stcompet). The cause-specific hazard can be estimated by treating events due to competing causes as censored observations in a standard Cox model. The k cause-specific hazards can be derived by fitting k separate models by stacking the events (having k rows per individual) and fitting a Cox model stratified by cause [27] . Covariates can be easily incorporated into a ▶fig. [28] . Subdistribution hazard models are available in R (cmprsk), SAS (PHREG), and Stata (stcrreg). These methods are described in detail elsewhere [29, 30] , for simplicity reasons they are beyond the scope of this paper. ▶ fig. 2 provides a decision tree on how to select a suitable time-to-event method for individual patient data (IPD). When analyses of prospective individual level claims data are not feasible (e. g. due to cost restraints or data protection issues), an alternative strategy is to estimate the incidence based on agespecific cross-sectional prevalence and mortality data [31, 32] . One of these incidence estimation techniques makes use of the theoretical relationship between age-specific prevalence, incidence and mortality data to estimate the incidence from current status data to solve an ordinary differential equation. Details on the method are provided in [33] .
No matter which approach is chosen, information about the type of event and the exact time to the occurrence of this event must be available. In order to get this information two further challenges emerge in claims data: first, how to operationalize the event of interest (challenge II) and second, how to define the time to event (challenge III).
Challenge II: Operationalization of PICS in claims data
Operationalization of the event of interest (case identification) in claims data requires two steps: In a first step, cases must be comprehensively defined based on the disease under study. A 3-digit ICD-10 (International Classification of Diseases, 10 th Revision) code is usually used to specify the diagnosis. To complete the case definition, the possible sectors (e. g. inpatient, outpatient, or incapacity for work data) in which these codes were documented must be defined. In a second step, we have to validate the case definition. Physicians in Germany code outpatient diagnoses as "ruled out", "asymptomatic", "suspected", and "confirmed". In most cases, it is more reliable to use "confirmed" outpatient diagnoses. Inpatient diagnoses are divided into a (main) discharge diagnosis and sec-ondary diagnoses. Internal validation is strongly recommended for diagnoses from both sectors [34] .
Applying the criterion of "at least two quarters" (M2Q), is probably one of the best-known validation approaches to reflect persistence of diagnosis. This criterion requires a confirmative diagnosis in at least one further quarter or a second diagnosis by another physician in the same quarter [35, 36] .
Both, the case definition and the validation, are particularly challenging in an ICU survivor population for several reasons. First, no agreement on a list of ICD-codes exists to define the PICS and, additionally, the diseases included in the PICS syndrome are not generally agreed by experts [7] . Second, all health care sectors are of interest to assess the incidence of the diseases after ICU stay. Many patients are admitted to a rehabilitative care after discharge from ICU. In terms of rehabilitation stays, limited information is available in the data from the SHI. Third, internal validation strategies, which are based on measures of persistence, might not be the most suitable approach for a patient group that has a high lethality. Thus, applying M2Q to sicker patients who are censored because they died will result in downwardly biased incidence estimates.
Solution II: Reporting single components of PICS that were validated with measures of congruence
Until now, there is neither consensus on the definition of the PICS nor is there a list of ICD-10 codes available to define specific components of the PICS. In this situation, we propose to apply a caseidentifying algorithm that is based on ICD-10 codes, which reflect the PICS and capture all three domains covered by PICS: physical, mental and cognitive impairments [4] . The current selection of ICD-10 codes, which represent PICS components, should be based on literature [4, 37, 38] and be informed by expert consultation with intensive care clinicians.
Because M2Q like other criteria of persistence are not applicable, the criteria of congruence can be used to validate (confirmed) diagnoses. As confirmed diagnoses alone can include false positive diagnoses [34] , the second approach is to use information on prescriptions (e. g. ATC (Anatomical Therapeutic Chemical) Classification System codes or EBM-Codes (Einheitlicher Bewertungsmaßstab, meaning outpatient physician̓s service codes of the German outpatient fee-for-service reimbursement system)) as a measure of congruence. For instance, a diagnosis of dementia can be assumed when a patient is diagnosed with one of the respective ICD-10 codes in the inpatient or outpatient sector and when a prescription of antidementiva ATC code is also reported.
In summary, depending on the respective goal, two possible ways are plausible to define cases: we can apply more sensitive, but less restrictive selection criteria to ensure full coverage of true positive cases or we use less sensitive, but more restrictive criteria to avoid the inclusion of false positives. Previous studies countered this issue by providing results with different case definitions in sensitivity analyses [35, 39] .
Challenge III: Interval Censoring
The data of SHI are also affected by interval censoring (▶ fig. 3 ). Interval censoring describes that the exact time of diagnosis is unknown, it is only known to lie within an interval. In outpatient claims data, which are forwarded on a quarterly basis no exact date for outpatient diagnoses is known. Likewise, for inpatient diagnoses only the date of admission and discharge from the hospital is known. More generally, data of this type typically arise in studies where follow up is done at fixed intervals. In the context of interval censoring, many researchers use imputation techniques, especially mid-point or right-point imputation (i. e., replacing an interval censored observation by its right endpoint), and then apply standard techniques for right censored data [40] . However, these approaches may not be appropriate. Imputation approaches propose an estimate for an unknown distribution, and obtain biased estimates and standard errors, especially if the intervals are wide, by falsely assuming that the time of event is equal to the right-point or mid-point of the time interval [41] . Special techniques for interval-censored data should therefore be preferred, as will be seen later in this section. Alternatively, the underlying continuous durations can be conceptualized as a latent variable with observed disjoint (discrete) time intervals [42] . A related methodological issue arises when the time of the study entry was date of hospital discharge, and a patient's hospital stay took place in one quarter. In this case, it is unknown whether an outpatient diagnosis documented per quarter was coded before or after the hospital stay (see ▶ fig. 4 ).
Solution III: Approximation of the exact date
A conceivable solution might be to associate an existing date with a diagnosis and use this date as the diagnostic date and apply standard techniques for right-censored data. For this purpose, we could use the exact date of an outpatient physician visit or use the date of a PIC-specific procedure that was coded using the uniform evaluation scale (EBM, "Einheitlicher Bewertungsmaßstab"), an exact prescription date of a medication or of a non-pharmaceutical therapy or technical aid in the data of the SHI. In case of less disease specific medications (such as pain killers) the date of medication cannot be used to approximate the date of diagnosis. In this scenario, dates of physician visits can be considered. Dates attached to physician visits are not as specific as prescription dates, as patients may have several encounters with an outpatient care provider during one quarter. In this case, we consider the first and last visit of the patient during a quarter and code the middle of this period to further limit the period of diagnoses. Certain outcomes could possibly be indicated by a physician visit with a specific EBM code. If so, these outcomes' incidence could be measured by the exact date of the physician visit with the delivered EBM-code and not only by the time frame spanned by multiple physician visits. There are new statistical methods allowing to model competing risk data in combination with interval censoring [43] . These techniques can provide more exact dates for a relevant part of the sample. However, the allocation of the diagnosis within the quarter of the hospital stay is still not satisfactorily solved.
Conclusion
A better understanding of patients' health after ICU is urgently needed. Claims data are a valuable data source for advancing the scientific knowledge about PICS. However, various methodological issues have to be accounted for when analyzing health claims data of post-ICU populations. Investigators need to be aware of the presence of competing risks when performing time-to-event analysis in studies with highly morbid patient groups. The internal validation of diagnoses in health claims data, and techniques to impute or approximate exact dates of diagnoses are crucial to achieve reliable estimates of frequency. Incorrectly treating competing events as censored events may have practical implications for patient care or health care planning.
To minimize bias when estimating incidences, investigators can use the cumulative incidence function or cause-specific hazards to estimate the incidence of PICS or other diseases in highly morbid patient groups subject to competing risk.
